This paper begins to explore the determinants of the topological properties of the international -trade network (ITN). We fit bilateral-trade flows using a standard gravity equation to build a "residual" ITN where trade-link weights are depurated from geographical distance, size, border effects, trade agreements, and so on. We then compare the topological properties of the original and residual ITNs. We find that the residual ITN displays, unlike the original one, marked signatures of a complex system, and is characterized by a very different topological architecture. Whereas the original ITN is geographically clustered and organized around a few large-sized hubs, the residual ITN displays many small-sized but trade-oriented countries that, independently of their geographical position, either play the role of local hubs or attract large and rich countries in relatively complex trade-interaction patterns.
I. INTRODUCTION
The last years have witnessed the emergence of a large body of contributions addressing international-trade issues from a complex-network perspective [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] . The International Trade Network (ITN), aka World-Trade Web (WTW) or World-Trade Network (WTN), is defined as the graph of import/export relationships between world countries in a given year.
Understanding the topological properties of the ITN, and their evolution over time, acquires a fundamental importance in explaining issues such as economic globalization and internationalization, the spreading of international crises, and the transmission of economic shocks, for two related reasons [14] [15] [16] . On the one hand, direct (bilateral) trade linkages are known to be one of the most important channels of interaction between world countries [17] . On the other hand, they can only explain a small fraction of the impact that an economic shock originating in a given country can have on another one, which is not among its direct-trade partners [18] . Therefore, a complex-network analysis [19, 20] of the ITN, by characterizing in detail the topological structure of the network, can go far beyond the scope of standard international-trade indicators (such as "openness to trade" [66] ), which instead only account for bilateral-trade direct linkages [11] . Trade paths connecting any pair of non-direct trade partners may then shed light on the likelihood that economic shocks might be transmitted between the two countries [21] , and possibly help explaining macroeconomic dynamics [22] .
The first stream of studies that have explored the properties of the ITN has employed a binarynetwork analysis, where a (possibly directed) link between any two countries is either present or not according to whether the value of the associated trade flow is larger than a given threshold [2] [3] [4] . More recently, however, a growing number of contributions [1, 6-8, 10, 12] have adopted a weighted-network approach [23, 24] to the study of the ITN. There, a link between any two countries is weighted by the (deflated) value of trade (imports plus exports) that has occurred between these countries in a given time interval. A set of weighted-network topological measures [24] is then computed to characterize the architecture of the weighted ITN.
The motivation for a weighted-network analysis is that a binary approach cannot fully extract the wealth of information about the trade intensity flowing through each link and therefore might dramatically underestimate the role of heterogeneity in trade linkages. Interestingly, Refs. [10, 12] show that the statistical properties of the ITN viewed as a weighted network crucially differ from those exhibited by its weighted counterpart, and that a weighted-network analysis is able to provide a more complete and truthful picture of the ITN than a binary one.
Notwithstanding much is known about the topological properties of the ITN -in both its binary and weighted versions-and how they have evolved in the recent past, a set of fundamental questions remains to be answered: What are the determinants of such properties? Are there relevant node or link characteristics (other than the ones related to trade flows) that can explain the peculiar topological patterns actually observed in the ITN? Such questions might be in principle addressed from a theoretical perspective, i.e. looking for models of network formation and evolution that have as their equilibria graphs with properties similar to those actually observed in the ITN (cf. for example Refs. [19, 25] ). In this paper we take an applied approach and attempt to explore the foregoing issues from a more empirical perspective.
To begin with, note that all network-related topological variables are univocally obtained from the link-weight distribution [67] . Hence, if (as typically happens) one weights the link between country i and country j in a given year by the sum of the deflated values of imports of i from j and exports of i to j in that year, then all topological properties of the weighted ITN defined in that way will entirely depend on the matrix of international bilateral-trade flows observed in the year under study, which plays the role of sufficient statistics. This is straightforward for the weighted-version of the ITN, but is also true for its binary representations, as the probability that a given link is present still depends, given the chosen threshold, on the distribution of observed bilateral-trade flows. As a result, one might safely conclude that much of what we know about the topological properties of the ITN can be empirically accounted for by the set of statisticallysignificant independent variables that explain international bilateral-trade flows.
In the context of the ITN literature, this issue has been initially addressed by Refs. [3, 8] , who have shown that the probability that any two countries are connected, as well as the value of the trade flow between them, is well explained by (the product of) their current GDP, which plays the role of a "hidden" node variable or fitness. More generally, we know from the huge empirical literature on gravity equations [26, 27] that international-trade flows can be almost entirely explained by a multiplicative model featuring as independent variables the GDPs of the two countries involved in the trade link, their geographical distance (as a proxy of all factors that might create trade resistance, e.g. transport costs), and a series of dummies accounting for other geographical, social, historical and political factors (e.g., existence of common borders, religion and languages, colonial ties, trade agreements, and so on). By fitting a gravity equation to the original international bilateral-trade data one may then account for explanatory variables of link weights.
Such an exercise might be interesting for two related reasons. First, from a gravity-equation approach, one may identify what are the main determinants of international-trade flows in the data used to build trade networks. Second, and more importantly, one might think to remove all the existing structure from the data to check whether the residual weighted ITN exhibits topological features comparable to those of the original ITN.
This paper explores these two lines of inquiry by performing the following simple exercise. In line with the recent literature [1, 6-8, 10, 12] , we start from a weighted-network representation of the ITN in a given year where a link between any two countries is weighted by the (deflated) value of their total trade (import plus exports). We then fit total-trade flows, i.e. the entries of the ITN weight matrix, with a standard gravity model. This allows us to identify the relative impact of size, geographical distance, and other geographical, social, historical and political factors, on the weighted-network representation of the ITN under study. Finally, we build a "residual" version of the ITN where each link is now weighted by the associated residual of the fitted gravity model. This allows us to remove much of the structure that is conceivably present in the original data.
We ask whether -and to what extent-the topological properties of such a residual ITN mimic those of the original version of the ITN (as studied, e.g., in Ref. [28] ). Notice that a similar approach has been already used in Ref. [29] . They find that, by and large, the ITN architecture remains unaltered if ones removes the GDP dependence only from link weights (e.g., if one employs as link weights the ratio between bilateral-trade flows divided by the GDP of either the importer or the exporter country). The gravity-equation fit allows us to generalize this approach and obtain a weighted ITN that depends on underlying factors, either unobserved or not accounted for in the regression, related e.g. to country technological similarities, degree of specialization, etc..
Our results show that the residual ITN is characterized by power-law shaped distributions of link weights and node statistics (e.g., strength, clustering, random-walk betweenness centrality). Hence, the underlying architecture of the weighted ITN seem to display signatures of complexity. This must be contrasted with the original ITN, where log-normal distributions were ubiquitous. We also find that the correlation structure among node statistics, and between node statistics and country per-capita GDP, changes substantially when comparing the original and residual weighted networks. Whereas the original ITN is geographically clustered and organized around a few large-sized hubs, the residual ITN features many small-sized but trade-oriented countries that, independently of their geographical position, either play the role of local hubs or attract large and rich countries in relatively complex trade-interaction patterns.
The rest of the paper is organized as follows. Section II briefly presents the data sets employed in the paper. Section III contains the results of gravity-equation fits. A comparison of the topological properties of the original and the "residual" version of the ITN is carried out in Section IV. Finally, Section V concludes discussing the implications of our results for modeling and suggesting extensions of the present work.
II. DATA AND DEFINITIONS
We employ international-trade data provided by Ref. [30] to build a time-sequence of weighted directed ITNs. Our balanced panel refers to T = 20 years (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) and N = 159 countries (see Appendix A for the list of acronyms and countries in the panel). For each country and year, data report directed trade flows (e.g., exports) in current US dollars, which we properly deflate. Weight matrices are built following the flow of goods. This means that rows represent exporting countries, whereas columns stand for importing countries. Following Refs. [1, [6] [7] [8] , we begin by initially defining the weightw t ij of a link from i to j in year t as total exports from i to j. However, a simple statistical analysis of weighted matrices suggests thatW t are sufficiently symmetric to justify an undirected analysis for all t [12] . We therefore symmetrize the network by defining the entries of the new weight matrix W t as the arithmetic average of import and export flows, i.e. w t ij = 1 2 [w t ij +w t ji ] [68] . Finally, in order to have w t ij ∈ [0, 1] (and to remove all trend-related factors), for all (i, j) and t, we re-normalize all entries in W t by their maximum value w t * = max N i,j=1 {w t ij }. This means that the symmetrized weight w t ij is proportional to total trade (imports plus exports) flowing through the link ij in a given year.
Note that Ref. [12] has shown that all topological properties of the ITN have remained fairly stable in the period 1981-2000. Therefore, in what follows, we shall focus on year 2000 only for the sake of exposition (all results robustly hold in other years). Our relevant ITN data is then the weight N × N matrix W = W 2000 , which is symmetric by construction and features only zeroes in its main diagonal.
For each country in the panel, we also gather a long list of variables traditionally employed in gravity-equation exercises, see Appendix B for labels, sources and explanations. These variables can be grouped in three classes. First, there are variables related to trade resistance factors, as the geographical distance between countries and the degree of country remoteness [31] . Second, country-size effects are controlled by country GDP, population and geographical area. Third, a number of country variables or link-related dummies control for geographical (common border, landlocking, continent), economic (trade agreements, exchange rates, consumer price indices) and social/ political/ historical effects (common languages and religion, trade agreements, common currency). Together, these factors have been shown to successfully explain, in a way or in the other, international-trade flows in gravity-equation econometric exercises. Therefore, in the next section, we shall employ a standard gravity-equation setup to explain the entries of the weight matrix W characterizing the ITN graph in year 2000.
III. FITTING GRAVITY EQUATIONS TO ITN DATA
The gravity equation has become the workhorse setup to study the determinants of bilateral international-trade flows [27, 32] . Its basic symmetric original formulation, inspired by Newton's gravity equation, states that total trade between any two countries in the world is directly proportional to the product of country masses (e.g., their GDP) and inversely proportional to their geographic distance [69] .
A strong gravity-like dependence of bilateral-trade flows on geography and size is evident in our data. For example, Table I reports trade-flow shares within and between macro geographical areas. It is easy to see that areas that trade more, mostly trade within the same area, or with geographically-close areas. Conversely, those that trade less, tend to trade with less distant areas and/or with areas where there are countries historically and culturally tied.
-TABLE I ABOUT HERE -Furthermore, a gravity-law structure clearly emerges if one studies how bilateral trade flows w ij correlate with the product of i's and j's GDPs and their geographical distance. Figure 1 plots in a log-log scale w ij against M ij = GDP i · GDP j , DIST ij and M ij /DIST ij . Non-parametric estimates of w ij conditional means, superimposed on the clouds of points together with %95 confidence bounds, clearly indicate that both the correlation structure and the functional form linking w ij to size and geographical effects are in line with the prediction of the basic gravity law [70] .
From an empirical perspective, the basic gravity equation has been expanded in the literature to improve the fit by taking into account country-or trade-specific characteristics that may influence bilateral trade flows in addition to masses and distance (see previous section). Overall, this strategy has proven itself to be extremely successful in order to explore the determinants of bilateral trade flows and we shall replicate it in what follows [71] .
For our estimation purposes, it is convenient to start with the most general multiplicative formulation of the gravity equation [33] , which reads:
Here w ij , i, j = 1, . . . , N (with i > j) is the N(N − 1)/2-dimensional vector of symmetric bilateral trade flows (i.e. the upper-diagonal entries of the weight matrix W ); (α, β, θ, δ, γ) are unknown (vectors of) parameters to be estimated; X i are K-dimensional vectors of country-specific continuous or categorical variables (other than GDP); Z i are L-dimensional vectors of country-specific dummy variables; D ijh are H-dimensional vectors of link-specific dummy variables (other than distance); C i are country-specific fixed effects (see below); and η ij is an error term, statistically independent on the regressors, s.t. its mean conditional on all regressors is equal to 1. In our exercises below, X=(AREA, POP, CPI, EXC, RM), Z=(LL, CONT), whereas D=(CTG, COMC, COML, COL, TA, COMR), see Appendix B.
The estimation of eq. (1) is not easy and it potentially entails many difficulties. Among them, we recall the treatment of zero-valued flows [33] [34] [35] , non-linearity and heteroscedasticity [33] , endogeneity and omitted-term biases [36] . In order to simultaneously deal with all these problems, we estimate Eq. (1) using a zero-inflated Poisson pseudo-maximum likelihood (ZIPPML) model [35] with country-fixed effects C i [36] to overcome endogeneity due to omitted terms (e.g., related to non-observable variables as landed prices of origin goods in destination country, which may in principle be correlated with trade-cost terms, as proxied by distance) [72] . To double-check our results, we also estimate Eq. (1) with alternative econometric approaches discussed in the relevant literature [34] , including standard OLS on the log-linearized form (omitting zero-valued flows or substituting zero-valued flows by a small constant), log-normal pseudo-maximum likelihood estimators as in Ref. [33] , and zero-inflated negative-binomial pseudo-maximum likelihood (ZINBMML) techniques [35] . Overall, we obtain the best fit using the ZIPPML estimator, although our results are not dramatically different under alternative estimation strategies, both in terms of model selection and correlation of residuals, a tendency already documented in Ref. [34] . -TABLE II ABOUT HERE -Table II reports the ZIPPML fit to year-2000 data, together with usual goodness-of-fit statistics [73] . The final model has been selected by successively removing the regressors that were not contributing a significant impact on the overall likelihood, using a general-to-specific procedure. Only GDP, DIST, AREA, POP, LL, CTG, COML, COL, TA resisted this successive selection. The final gravity equation seems well-specified, according to both Wald [37] and Vuong [38] test statistics, and achieves an extremely large adjusted R 2 (0.93) -a typical performance of trade gravity equations. All signs and magnitudes of estimated coefficients are in line with those found in the relevant literature. Trade flows are positively affected by country GDP, existence of trade agreements, common borders, common language and colony relationships. They are negatively affected by distance, area and population (net of GDP effects), as well as the probability of being landlocked. Country remoteness, continental position, religion, exchange rates and CPI-effects do not appear instead to significantly affect trade flows in our data.
Defineη ij as the estimated residual from eq. (1), i.e. obtained by substituting unknown parameters with estimated ones from Table II . Note thatη ij can be interpreted as the weight of the ij trade link once all structural effects related to country size, geographical, social, historical and political factors have been removed from the original weight w ij . It is then straightforward to define the "residual" weighted ITN by simply re-weight links using theη ij s [74] . In what follows, we will then study the topological properties of the residual symmetric weight matrix E = {e ij }, where e ij =η ij for i > j, e ji = e ij for i < j, and e ii = 0 for all i, and compare them with those of W .
IV. TOPOLOGICAL PROPERTIES OF GRAVITY-EQUATION RESIDUAL NET-WORKS
One of the most puzzling stylized facts emerging from the study of the topological properties of W is that the distribution of link weights w ij is well approximated by a log-normal density [1, 12] . Indeed, this militates against the view that the ITN is a complex network, as log-normality can be simply the limit outcome of uncorrelated link-weight multiplicative growth processes (e.g., Gibrat laws; see Ref. [39] ). In other words, original link weights are markedly heterogeneous but display exponentially-decaying upper tails, without the typical fat-tailed behavior that is known to be the signature of complexity [40, 41] . The present analysis shows that, once all gravity-equation dependence is removed from the original data, the residual ITN is characterized by power-law distributed link weights, see the size-rank plot [42] in Figure 2 . In fact, the correlation between original and residual weights is not statistically-significantly different from zero (-0.009, with a p-value 0.9171). We shall go back to the implications of this finding on modeling below. For the moment, let us stress the fact that power-law behavior of residual link weights hints to an inherent complex behavior of trade flows, possibly due to deep similarities between countries, which are somewhat hidden by the standard determinants of trade accounted for in the empirical literature. We now explore how the other topological properties of the residual ITN compare to original ones. As it is customary in this literature, we shall focus on node strength (NS), defined as the sum of all link weights of a node; node average nearest-neighbor strength (ANNS), i.e. the average strength of the trade partners of that node; weighted node-clustering (WCC), measured as the relative weighted intensity of trade triangles with that node as one of the vertices; and randomwalk betweenness centrality (RWBC), accounting for global centrality of a node in the weighted network [75] .
As happens for link weights, power-law shapes characterize in the residual ITN all node statistics (NS, ANNS, and WCC) that were originally well-proxied by log-normal densities [12] , see Figure  3 for NS. Interestingly, the only topological property that was power-law shaped in the original ITN (RWBC) keeps the same shape also in the residual network. RWBC is actually a peculiar statistics, because, unlike the others, each of its node values somewhat reflect the whole structure of the network. The fact that RWBC is still power-law distributed suggests that complexity is really an intrinsic feature of the ITN.
-TABLE III ABOUT HERE -
Another robust set of stylized facts regarding the weighted ITN concerns the correlation structure among node-distributions of topological statistics, and between node topological statistics and country per-capita GDP (as a proxy for country income). Table III reports such a correlation structure for both the original ITN (W ) and the residual one (E). Coefficients not statisticallysignificantly different from zero are marked in boldface. The original ITN, where all correlation coefficients were statistically different from zero, hinted to a trade structure where countries that trade more intensively are also high-income ones, they are more clustered and central, but tend to trade with relatively-less connected partners. This configures a relatively disassortative pattern for the ITN. Once size, geographically-related and other determinants of trade have been removed from the data, however, the topological properties of the residual ITN are almost uncorrelated with their original counterpart. The only exception is ANNS, which displays a strong and negative correlation. This suggests that countries that in W typically traded with intensively connected partners (i.e., small and poor countries) exhibit in E small ANNS values, i.e. tend to trade with poorly-connected partners, a pattern that can be intuitively explained by recalling that trade flows in E do not reflect any size, geographic, or colonial preferential relationship. Note also that in E countries that trade more intensively (i.e., high NS) still are more central and clustered, but do not display any assortative or disassortative pattern anymore, as the NS-ANNS correlation in E is not significantly-different from zero. Furthermore, the removal of size effects (GDP and population) naturally destroys any positive correlation between income and trade intensity, centrality and clustering: now high-income countries tend to trade relatively less intensively and occupy less central positions (and trade with relatively more connected partners).
This result is confirmed by looking at the Spearman's rank-correlation coefficient between country-statistic rankings. If one correlates, e.g., the rank of countries under W and E according to node statistics, it emerges that rankings made with respect to NS, WCC and RWBC are only weakly (positively) correlated, whereas the correlation for ANNS rankings is equal to -0.7676. This suggests that if a country was scoring high in terms of intensity of trade (NS), clustering (WCC) and centrality (RWBC) in the original ITN, it is not likely to keep its top position in the residual network, and with high probability will appear at the bottom of the list in the ANNS ranking, see Figure 4 . For example, whereas the US, Germany and Japan used to occupy top positions in the rankings of trade intensity, clustering and centrality, in the residual network such positions are now filled by relatively small but very dynamic countries like Iceland, Korea, Belgium, as well as middle-east oil-related countries (United-Arab Emirates) and many African ones. Furthermore, the ANNS ranking, which was topped in W by micro-economies (e.g., Pacific islanders) now All in all, the foregoing analysis shows that only few of the stylized facts found for the weighted ITN apply to its residual version, and that a great extent of ITN topological features can be explained by the control variables employed in the gravity-equation regression. Our results also indicate that, removing such structure from the data and interpreting residuals as proxies for the underlying trade similarities between countries, interesting patterns emerge about the inherent complex structure of the ITN and how countries are interconnected and play their roles in the network.
Additional insights on these relationships can be gathered from a simple weighted-graph visualization of the original vs. residual ITN. Figures 5-6 depict a partial view (largest 1% links in terms of weights) of the original and residual ITN in year 2000 as an undirected graph where the thickness of a link is proportional to its weight, node size is proportional to country's GDP, and node shapes represent the continent which the country belongs to. It is easy to see that, as discussed in the previous sections, large countries tend to trade more intensively with each other, with contiguous/close countries or with partners that are relevant in terms of history and trade agreements. The original ITN is also characterized by a core-periphery structure where large influential countries (USA, Japan, China, Germany, France, Italy, etc.) play the role of hubs, attached to many other countries by relatively weaker trade links. Geographical clustering is also evident, as same-continent countries tend to be tightly interconnected.
Simple inspection of the residual weighted ITN graph (links with largest 1% of weight in E) hints instead to a much more interconnected pattern, characterized by much more spread links, without large-sized hubs, nor excessive geographical clustering. All large-GDP countries disappear from the graph (e.g., USA, Germany, Italy, France). Small and medium-sized African, South-American and Asian countries are most represented, possibly because of their endowments in tradable natural resources and/or over-specialization of their export profile.
Some countries, like Liberia, Surinam, Mauritania and Djibuti, play an unexpectedly prominent role in the network. These are countries with relatively low per-capita GDPs, which in the original network were holding many trade relationships (between 52 and 88) and scored around the median in all node-statistic rankings (except centrality). The majority of their trade relationships were weak but occurred outside trade agreements. Unlike Pacific islanders, such flows did not necessarily concern large-sized partners, were not related to colony relationships and not necessarily geographically close (they are not landlocked). Therefore, it is not a surprise that their residual link weights end up being relatively large for many existing relationships, thus promoting such countries to more important positions in the network.
Finally, to get a more precise feeling of the role of large-sized countries in the residual network, we plot the complete minimal spanning trees (MSTs) associated to W and E [76]. This graphical analysis may complement the former because, by simplifying the structure of the network, allows one to simultaneously visualize all existing nodes and their relevant interactions, a thing that was simply impossible to do with W and E, given the extremely large density of the two graphs. The plot of W -MST (Figure 7) magnifies the hub-role of the largest countries, especially the US, and better accounts for the position of other peripheral countries in the ITN. Conversely, the plot of E-MST (Figure 8 ) hints to a relatively more central role of very small countries like Liberia and Surinam (see above); downplays the importance of hubs and geography; and relegates large countries at the periphery. For instance, US and China now link to small countries in the ITN, whereas India keeps having a marginal position.
V. CONCLUSIONS
In this paper we have begun to investigate the determinants of the statistical features of the weighted international-trade network. We have compared the topological properties of the ITN, as originally explored in a series of papers [1, 6-8, 10, 12] , to those of the residual weighted symmetric ITN. The latter has been obtained after fitting original bilateral-trade flows via a standard gravity equation including as regressors country GDP, population and area; geographical distance between countries; and a series of link-or country-specific variables accounting for other factors related to geography (common border, landlocking, continent), the economy (trade agreements, exchange rates, consumer price indices), and social/ political/ historical effects (common language, religion, and currency).
Our findings indicate that the residual ITN is characterized by power-law shaped distributions of link weights and node statistics (e.g., strength, clustering, random-walk betweenness centrality). Hence, the underlying architecture of the weighted ITN seems to exhibit signatures of complexity, unlike its original counterpart. We have also found that the correlation structure among node statistics, and between node statistics and country per-capita GDP, changes substantially when comparing the original and residual weighted networks. Whereas the original ITN displays a structure with a few large-sized country hubs and a relatively strong connectivity among nearby countries (either geographically, socially, politically or economically), the residual ITN is organized around many relatively small-sized but trade-oriented countries that, independently of their geographical position, either play the role of local hubs or attract large and rich countries in complex trade-interaction patterns.
Our results have some implications for modeling purposes. Indeed, the strong gravity-like dependence that, in line with existing literature, can be detected in ITN data, as well as the impact of removing such structure on ITN topological properties, suggests that any model of network formation and link-weight evolution aiming at replicating ITN topological properties should consider country size, geography, etc. among its building blocks. This may occur, for instance, by devising dynamic models of network formation and weight evolution where node size and position, contiguity and agreements, matter in the decision of the nodes to form/delete a link, or to change its weight. At the same time, models aiming at explaining and replicating ITN stylized facts should allow empirical calibration of their node-and link-related characteristics (see, Refs. [3, 4, 6, 8] for preliminary exercises in this direction). This may be relevant for predictive and policy exercises. Furthermore, our findings call for models that are simultaneously able to replicate the set of stylized facts of both the original and the residual ITN (no matter the determinants accounted for in the gravity equation). For example, it would be important to have models of the ITN that recover log-normality of the (equilibrium) link-weight distribution when size and geography are not accounted for, and power-law shapes after having controlled for them.
To conclude, it may be worthwhile to notice that the simple and preliminary exercises described in this article may be extended in at least two directions. First, one may take a specific-togeneral approach to gravity-equation modeling, and adding an increasing number of factors in its specification. For example, one may begin with size only, and gradually introduce geography, trade agreements, etc.. At each step a residual ITN can be defined and its properties can be accordingly compared to those of the original ITN. This analysis may end up in a minimal "sufficient" set of determinants able to, e.g., account for a complex ITN structure, or changes in node-statistics correlation patterns. Finally, one might play with expanded versions of the gravity equation that consider, e.g., country-specific natural endowments, industrial profile and trade specialization. This might shed some light on the peculiar structure of the residual network and explain trade patterns that otherwise could remain obscure.
[70] Conditional means have been estimated using the local-linear non-parametric method proposed in Ref. [47] , employing cross-validated bandwidth selection using the procedure of Ref. [48] . Estimation has been performed using the package np [49] under R (http://www.r-project.org/). [71] On this huge empirical literature, see for example Refs. [26, 27, [50] [51] [52] [53] [54] [55] , among others.
[72] Note that all variables have been original deflated, but this does not create any difficulty here as we undertake a cross-section study.
[73] The ZIPPML is a two-stage procedure [37] . The first stage features a logit regression estimating the probability that there is no bilateral trade at all. In the second stage, a Poisson regression is run to fit trade flows of the non-zero group of link (as estimated in the first stage). We use the same regressors (Appendix B) to model both the first and second stage. Here we show only the estimation results for the Poisson final stage for the sake of exposition (the complete set of regression results is available on request from the Author). All exercises have been performed using Stata 9 [56] .
[74] See Ref. [57] for a germane approach aimed at visualizing the properties of the ITN.
[75] See Appendix C for formal definitions. Notice also that the ZIPPML estimator seems to consistently predict the density of the residual ITN. Indeed, the fraction of all possible links with positive weight is 0.63 under W and 0.62 in the residual graph E.
[76] See Ref. [58] . To build the MST of a weighted graph with link-weights in the unit interval we have employed the following procedure. First, assume that information from link weights can be treated the same way as correlation coefficients in Ref. [59] , i.e. that higher (symmetric) link weights signal a higher trade similarity between countries. Second, transform weight (i.e., similarity) matrices entries w ij and e ij into, respectively, w R ij = 2(1 − w ij ) and e R ij = 2(1 − e ij ), and let w R ii = e R ii = 0. As explained in Ref. [59] , this is an appropriate metric distance. Third, we have computed the MST associated to W R and E R , and re-scaled the link weights returned by the Kruskal's algorithm [60, Ch. 23.2] by their maximum values, in line with what we have done for W and E. Finally, we have weighted any resulting link by 1 − w R ij and 1 − e R ij , to get the right proportionality between weights and similarity. [50] .
COML Link
Dummy equal to 1 if the official language (or mother tongue or second language) of the two countries is the same CEPII [51] .
APPENDIX C: NETWORK STATISTICS Given a N × N symmetric weight matrix W = {w ij }, with 0 ≤ w ij ≤ 1, define the associated symmetric adjacency matrix as A = {a ij }, where a ij = 1 iff w ij > 0 and zero otherwise. In the paper, we make use of the following statistics:
• Node degree [19] , defined as ND i = A (i) 1, where A (i) is the i-th row of A and 1 is a unary vector. ND is a measure of binary connectivity, as it counts the number of trade partners of any given node. Although we mainly focus here on a weighted-network approach, we study ND because of its natural interpretation in terms of number of trade partnerships and bilateral trade agreements.
• Node strength [61] , defined as NS i = W (i) 1, where W (i) is the i-th row of W . NS is a measure of weighted connectivity, as it gives us an idea of how intense existing trade relationships of country i are.
• Node average nearest-neighbor strength [61] , that is ANNS i = (A (i) W 1) /(A (i) 1). ANNS measures how intense are trade relationships maintained by the partners of a given node. Therefore, the correlation between ANNS and NS is a measure of network assortativity (if positive) or disassortativity (if negative).
• Weighted clustering coefficient [28, 62] , defined as
Here Z 3 ii is the i-th entry on the main diagonal of Z · Z · Z and Z [m] stands for the matrix obtained from Z after raising each entry to m. WCC measures how much clustered a node i is from a weighted perspective, i.e. how much intense are the linkages of trade triangles having country i as a vertex. Replacing W with A, one obtains the standard binary clustering coefficient (BCC), which counts the fraction of triangles existing in the neighborhood of any give node [63] .
• Random-walk betweenness centrality [64, 65] , which is a measure of how much a given country is globally-central in the ITN. A node has a higher random-walk betweenness centrality (RWBC) the more it has a position of strategic significance in the overall structure of the network. In other words, RWBC is the extension of node betweenness centrality to weighted networks and measures the probability that a random signal can find its way through the network and reach the target node where the links to follow are chosen with a probability proportional to their weights. 
